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Abstract: Forest is an important natural resource that should be carefully protected and rationally 
managed. In recent years, deforestation and forest land degradation have become the main concern 
for forest specialists as well as policy and decision-makers dealing with environment issues. It has 
been found that much of the existing forests have been destroyed, mainly by shifting cultivation, 
timber preparation, legal and illegal logging, and forest fires. To protect and conserve the 
deteriorating forest, it is very important to conduct forest-related risk assessment and map the 
outcomes in a spatial domain. The aim of this research is to conduct a forest fire risk assessment 
mapping of Tujiin Nars National Park using geographic information system (GIS) and remote sensing 
(RS) techniques. The research approach is based on an empirical model. It includes three parameters 
(i.e. geomorphology, vegetation cover combustibility and human activity) that are crucial for the 
forest fire assessment. The results of the study can be used for different decision making processes. 
 





Forests are an important natural resource 
that should be carefully managed, because, on 
one hand, they maintain ecological balance, and 
on the other hand, they provide the raw material 
for a wide range of wood-based industries [1]. 
Forests cover approximately 30 per cent of the 
land area of the planet, however, estimates 
suggest that deforestation is occurring at a high 
rate, predominantly because of human-induced 
landuse changes. Over 45 per cent of the Earth's 
original forests have been cleared during the 
past century. These human induced changes in 
forest extent and condition impact biodiversity, 
climate, biochemical cycles and economic 
development [2].  
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In recent years, deforestation and forest 
land degradation have become the main 
concern for forest specialists and ecologists as 
well as policy and decision-makers dealing with 
the environment. It has been found that much of 
the existing forests have been destroyed, mainly 
by shifting cultivation, timber preparation, legal 
and illegal logging, forest fires and increased 
number of people involved in agricultural 
activities. It is crucially important to conduct 
thorough planning and management [3] in order 
to protect and conserve the deteriorating forest.  
Incidences of forest fires have been 
increasing in the past decades. Every year, 
thousands of hectares of forests are damaged 
globally. Forests and grasslands play an 
important role for the economic development of 
many developing countries. In Mongolia, wild 
fire is one of the main factors influencing the 
spatial dynamics of forest ecosystems.  For 
example, in 2019, 121 forest and steppe fires 
were recorded and 311,798 hectares of forest 
areas were burnt to ashes. Ecological loss was 
estimated at 23.7 billion MNT [4].   
The main objective of this study is to 
conduct a fire-risk mapping using GIS and RS 
methods. The methodology of the study was an 
empirical model, which integrates parameters 
grouped into three sub-indexes (i.e. the 
combustibility index (CI), the topomorphology 
index (MI) and the human occupation index 
(HI)).  
As a test site, Tujiin Nars National Park 
located in Selenge aimag, northern Mongolia  
was selected. The area is one of the historical 
sites of the country, but highly affected by 
different forest fires. Recent statistics revealed 
that approximately 25 wildfires occur every 
year in areas at and neighbouring with Tujiin 
Nars.  
The results of the study can be used for 
forest fire prevention and also for supporting 
other forest-related decision making processes.  
Study area and data sources  
The study site is located in Tujiin Nars 
area, Altanbulag soum, Selenge aimag in the 
transitional zone where the mountainous zone 
around Lake Baikal changes to the Northern 
Mongolian highlands and are part of the 
northern mountain range. Figure 1 shows 
location of the study area.
 
Figure 1. Map of study area  
 
Tujiin Nars National Park covers 45 
thousand hectares of area, with Scots pine as the 
dominant forest species. The area is situated in 
a high fire-risk zone, where fires mostly occur 
in spring and autumn. 
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According to statistics, more than 19,000 
hectares of these degraded forests were restored 
between 1971 and 2011 [5]. Reforestation 
activities in Mongolia started in the 1970’s. 
Since then, 98,000 ha have been reforested and 
restored, 50 per cent were replanted with 
seedlings [6].  
Satellite data used in the current study 
consisted of a Sentinel 2A optical image 
acquired in May 2018 and a Sentinel 1B C-band 
radar data of August 2018. Sentinel-1 is the first 
of the Copernicus Program satellite 
constellation conducted by the European Space 
Agency. This space mission is composed of two 
satellites, Sentinel-1A and Sentinel-1B that 
carry a C-band radar instrument. Based on a 
well-established heritage from the ERS, 
Envisat and Radarsat missions, Sentinel-1 
carries a 12m long advanced SAR, working in 
C-band [7]. Sentinel-2A carries an innovative 
wide-swath, high resolution, multispectral 
imager (MSI) with 13 spectral bands [8].  
Digital elevation model (DEM) of the 
study area was derived from Sentinel 1B C-
band radar data sets. DEM can be derived from 
Sentinel 1B data sets by interferometric 
processing. The procedure to generate a DEM 
includes the stages and is performed by SNAP 
software developed by ESA. The spatial 
resolution of DEM is 10m. In addition, spatial 
layers in GIS database have been used. Figure 
2 shows satellite data sets of the study area.  
 
Figure 2. a) Sentinel 2A image, natural color  
b) DEM (10m) 
 
MATERIALS AND METHODS 
 
The methodology was based on an 
empirical model which integrates parameters 
grouped into three sub-indexes, such as the 
combustibility index (CI), the topomorphology 
index (MI) and the human occupation index 
(HI) [16]. 
The index is formulated by the following 
formula: 
 RI = 5CI + 2MI + 3HI      (1) 
Where: 
 RI: Risk index; 
 CI: Combustibility index; 
 MI: Topomorphology index; 
 HI: Land-use index. 
 
The Combustibility Index (CI) 
The Combustibility Index (CI) 
characterizes the fire and combustion behaviour 
of a material.  
The land use/cover in the study area 
contains agriculture, forest, water, grassland, 
and residential area. The land use emphasizes 
the impact of highly flammable litter, which is 
the origin of many fires. When fire begins in the 
litter, it is often difficult to detect. Fire 
consumes the litter slowly before spreading to 
the herbaceous layer, which is highly 
inflammable. Wind can also spread fire over 
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large areas, thereby increasing the overall fire 
risk [9].  
The forest stand characteristics, such as 
structure, existence of vertical or horizontal 
discontinuities, vegetation cover density, and 
species composition may have an effect on a 
forest stand’s sensitivity to fire. The intensity, 
frequency, and size of forest fires are related to 
the physical (climatic factors) and vegetal 
environment. The creation and spread of fires 
are dependent on the combination of different 
natural conditions and human activity [10]. 
In this study, the combustibility index 
(CI) map was extracted from the vegetation 
map and the NDVI map. Vegetation map is 
created from Sentinel 2A optical satellite 
images using an unsupervised classification 
method and NDVI map is calculated from the 
same satellite data.   
Isodata unsupervised classification 
method has been selected. Isodata calculates 
class means evenly distributed in the data space, 
then iteratively clusters the remaining pixels 
using minimum distance techniques [17]. Each 
iteration recalculates means and reclassifies 
pixels with respect to the new means [17]. 
Iterative class splitting, merging, and deleting is 
done based on input threshold parameters. All 
pixels are classified to the nearest class unless a 
standard deviation or distance threshold is 
specified, in which case, some pixels may be 
unclassified if they do not meet the selected 
criteria [17]. This process continues until the 
number of pixels in each class changes by less 
than the selected pixel change threshold or the 
maximum number of iterations is reached [17]. 
 
The Topomorphology Index (MI) 
The Topomorphology Index (MI) 
contains three morphological parameters 
including elevation, slope and aspect datasets.  
MI is expressed by the following equation:  
MI= 3s + (m*a)               (2) 
Where: 
 s – is the slope (coded 1 to 4) 
 m – is the morphology of the area  
 a – is the aspect (coded 1 to 4 
Slope (s) 
Slope is a parameter that influences the 
fire spread rate [11]. Fire moves more quickly 
up a slope and less quickly down a slope [12]. 
Also, the fire spread rate may rise on steeper 
slopes due to flames being angled closer to the 
ground surface, and the process of heat 
convection can be enhanced by wind effects 
due to fire behaviour [12]. 
 
Aspect (a) 
Aspect is correlated with the amount of 
solar energy and the surrounding area receiving 
radiation. Vegetation is typically drier and less 
dense on south-facing slopes than on the north 
facing ones [14]. Drier fuels are more exposed 
to ignition risk. In addition, easterly aspects get 
more ultraviolet and direct sunlight earlier in 
the day than westerly aspects do. Consequently, 
easterly aspects become drier faster [14]. 
 
Morphological topography (m) 
Topography plays an important and 
leading role in the behaviour of forest fires by 
influencing the morphology and speed of fire 
spread. In general, topographic influences vary 
depending on slope inclination, exposure, and 
elevation of the soil [9]. Unlike atmospheric 
agents, topography is a constant factor from 
which it is possible to determine and especially 
predict the influence of fire spread [9].  
 
Human Occupation Index (HI) 
The HI is compiled according to the 
formula adopted in the two indices, 
neighbourhoods, and human occupations. It is 
assimilated by buffer surfaces of 100 m, and by 
other roads and roadways according to the 
degree of traffic, and around homes located 
within or on the edge of the forest. The human 
occupation index reflects small areas where the 
risk of forest fires begins; this situation is due 
to the low human densities and the low density 
of the road network implanted in the forest [9]. 
 
RESULTS AND DISCUSSION 
 
Map of the combustibility index (CI) map In this study, the combustibility index 
(CI) map was extracted from the vegetation 
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map (Figure 3) and the NDVI map (Figure 4). 
Vegetation map is created from Sentinel 2A 
optical satellite images using Isodata 
unsupervised classification method as well as 
NDVI map is calculated from the same satellite 
data (Figures 3 and 4). The classification result 
has been compared to land cover created map 
of the study area in 2014 using Landsat images 
and forest inventory data of 2008 [18], visually. 
It showed good results. The research area 
contains the vegetation cover that includes 
deciduous, coniferous and mixed forests as well 
as grassland. Vegetation density, or relative 
biomass, is considered a significant factor in the 
spread of forest fires [9]. The generated CI 
index map is shown in Figure 5.
 
 
Figure 3. NDVI map  
 
Figure 4. Vegetation map 
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Figure 5. CI index map 
 
Topomorphology index (MI) map 
Slope map plays an important role in the 
topographic index. Slope modifies the relative 
flame inclination with respect to the ground 
during an upward propagation and the 
efficiency of heat transfers by radiation and 
convection; ascending fires burn more quickly 
on steep slopes. On the other hand, a 
descending slope, the speed of the fire is 
considerably slowed down [9]. Four slope 
classes were selected based on their incidence, 
frequency of occurrence, and spatial 
distribution. Figure 6 shows slope distribution 
map. According to the slope map, a steep slope 




Figure 6. Slope map 
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Figure 7. Aspect map 
 
Aspect values indicate the direction the 
physical slopes face. Prevailing wind in 
Mongolia comes from the northwest which 
directly contributes to wildfires. In this case, 
northern and western slopes are most suitable 
conditions for wildfires. Figure 7 shows aspect 
map of the selected area. Four main classes of 
aspects were selected and northern and western 
aspects are coded in higher values, respectively. 
The topomorphology was selected 
according to the classes of slopes derived from 
the DEM (Figure 8). Topographic variables that 
affect fire behaviour include elevation and 
aspect, which affect moisture gradients, and 
topographic features like narrow valleys or 
steep slopes, which influence fire spread. 
Topography also affects vegetation distribution 
and productivity because it impacts energy and 
water balances and, therefore, impacts 
precipitation, runoff, temperature, wind, and 
solar radiation [15]. 
 
Figure 8. Topomorphological map 
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Map of the Topomorphological Index 
(MI) is obtained from the slope, aspect and 
topomorphology maps (Figure 9). The results 
have been aggregated into four classes, each of 
which shows own importance (Table 1).  
 
Table 1. Classes of the MI 
MI 
MI Importance Code 
0-5 Unfavorable 1 
5-10 Moderate favorable 2 
10-15 Favorable 3 
15-25 Very favorable 4 
Human Occupation Index (HI)  
The human occupation index reflects 
small areas where the risk of forest fires begins; 
this situation is due to the low human density 
and the low density of the road network in the 
forest [9] area. The HI map is integrated into 
two main factors, which are the residential areas 
and roads. It was assimilated by a buffer of 
1000 m.  
 
Figure 9. Map of the topomorphological index 
 
Fire Risk Index map (RI) 
The calculation of the fire risk index is the 
result of applying the formula (1) cited above to 
the integrated layers of the combustibility 
index, the layer of the topomorphological 
index, and the index of human activity. 
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In this research, a fire-risk index map was 
obtained using the empirical model that 
integrated the parameters grouped into three 
sub-indexes, such as the combustibility index 
(CI), the topomorphology index (MI) and the 
human occupation index (HI). As data sources, 
Sentinel 2A multispectral data of May 2018 and 
a Sentinel 1B C-band radar data of August 
2018, as well as DEM derived from Sentinel 1B 
data were used. Overall, the study indicated that 
modern GIS and RS techniques could be 
successfully used for generating a reliable 
forest fire-risk map. As seen, the outcomes of 
the study could be used for different forest fire 
prevention activities and for supporting forest-
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